The cortical reinstatement hypothesis of memory retrieval posits that content-specific cortical activity at encoding is reinstated at retrieval. Evidence for cortical reinstatement was found in higher-order sensory regions, reflecting reactivation of complex object-based information. However, it remains unclear whether the same detailed sensory, feature-based information perceived during encoding is subsequently reinstated in early sensory cortex and what the role of the hippocampus is in this process. In this study, we used a combination of visual psychophysics, functional neuroimaging, multivoxel pattern analysis, and a well controlled cued recall paradigm to address this issue. We found that the visual information human participants were retrieving could be predicted by the activation patterns in early visual cortex. Importantly, this reinstatement resembled the neural pattern elicited when participants viewed the visual stimuli passively, indicating shared representations between stimulus-driven activity and memory. Furthermore, hippocampal activity covaried with the strength of stimulus-specific cortical reinstatement on a trial-by-trial level during cued recall. These findings provide evidence for reinstatement of unique associative memories in early visual cortex and suggest that the hippocampus modulates the mnemonic strength of this reinstatement.
Introduction
Retrieving memories of past events is central to adaptive behavior. Tulving's episodic memory theory describes memory retrieval as "mental time travel": when recalling an event, it is as if one was "transported" back to the situation in which that event happened, thereby reactivating cortical representations during retrieval that were involved during initial encoding (James, 1890; Tulving and Thomson, 1973) . Indeed, reactivation of regions involved during encoding was found throughout the sensory hierarchy with associative memory paradigms (Nyberg et al., 2000; Wheeler et al., 2000; Düzel et al., 2003; Khader et al., 2005; Ranganath et al., 2005; Woodruff et al., 2005; Slotnick and Schacter, 2006; Diana et al., 2013; Rugg and Vilberg, 2013) . Studies using multivariate methods showed that the reactivation of higherorder sensory cortical areas carries information about the recalled stimulus category (Polyn et al., 2005; Lewis-Peacock and Postle, 2008; Kuhl et al., 2011; Buchsbaum et al., 2012; Gordon et al., 2013) . Notably, this content-specific reactivation was only observed for higher-order sensory regions, begging the question whether cortical reinstatement selectively occurs higher up in the sensory hierarchy. Thus, it remains unclear until what level of detail memory reinstatement can occur: what is the mnemonic resolution of neural reinstatement? Is only object-based, higher-order information subject to cortical reinstatement, or are lower-level features reinstated as well?
Here, we investigated the generalizability of the reinstatement phenomenon to early sensory cortex. By using basic visual and auditory stimuli, we carefully controlled our paradigm for potential confounding factors, such as unspecific attentional or stimulus differences, and rigorously examined whether activity patterns in early visual cortex during cued memory recall (1) reflect stimulus-specific mnemonic representations, (2) share common representations with stimulus-driven activity patterns, and (3) what the role of the hippocampus is in mnemonic reinstatement in early visual cortex. Participants first learned two audiovisual associations (specific tones paired with the orientation of visual gratings; Fig. 1B ). Subsequently, they performed a cued recall task (Fig.  1C) , in which they were cued with a tone and covertly recalled the associated grating. After this recall phase, a probe grating was presented, on which participants performed an orientation discrimination task. Crucially, there was no visual information present during the covert recall phase, so any information pertaining to the orientation of the recalled stimulus must have been attributable to the retrieval of the associated grating. Participants additionally performed a separate task in which they passively viewed the same visual gratings and performed a rapid serial visual presentation (RSVP) letter task (Fig. 1D) . We used stan-dard retinotopy procedures to delineate visual regions V1, V2, and V3 for each participant. We subsequently extracted the signal time courses from V1-V3 during the different tasks and applied a linear classification algorithm to predict the recalled and perceived gratings from the neural patterns in early visual cortex. To investigate the role of the hippocampus during reinstatement, we examined the relationship between classifier decision values and hippocampal signal strength.
Materials and Methods
Participants. Twelve healthy adult volunteers (aged 22-29 years; average, 26 years; four females) with normal or corrected-to-normal vision gave written informed consent and participated in the experiment. The study was approved by the local ethical review board (Arnhem-Nijmegen, The Netherlands).
Experimental paradigm. Participants completed four experimental tasks in the study (Fig. 1A) . First, they learned tone-grating associations, after which they performed six runs of a cued recall task. Between recall runs 3 and 4, associations were shown again. Subsequently, participants completed two runs of an RSVP task with unattended gratings and two runs of a visual localizer task. Before and after the experimental sessions, short resting-state scans were obtained. Participants were instructed to maintain fixation on the central bull's eye throughout all tasks.
Stimuli. The stimuli were generated using MATLAB and the Psychophysics Toolbox (Brainard, 1997; Research Resource ID (RRID):rid_000041). Stimuli were displayed on a rear-projection screen using a luminancecalibrated Eiki projector (1024 ϫ 768 resolution, 60 Hz refresh rate) against a uniform gray background. Pure tones (450 or 1000 Hz) were used as auditory stimuli, presented to both ears over MR-compatible in-ear headphones. Visual stimuli comprised sinusoidal annular gratings (55 or 145°; grating outer radius, 7.5°; inner radius, 1.875°; contrast, 20%; spatial frequency, 0.5 cycles/°with randomized spatial phase) that were presented around a central fixation point (radius, 0.25°). Contrast decreased linearly to zero over the outer 0.5°radius of the grating.
Learning task. Participants learned associations between two pairs, with each pair consisting of a tone and an orientation stimulus. Using a counterbalanced design, participants were randomly assigned to the two different combinations of the two tones (450 or 1000 Hz) and gratings (55°or 145°). Each trial started with the presentation of a black cue at fixation (300 ms on, 1500 ms off), followed by the tone (500 ms), an interstimulus interval (1100 ms), the associated grating (flashed on and off every 250 ms for 2 s), and ended with an intertrial interval (ITI) of 9 s (Fig. 1B) . Each pair of stimuli was presented 10 times.
Cued recall task. In six separate runs (of 16 trials each), participants performed a cued recall task. In this task, each trial started with a central black cue (300 ms on, 1500 ms off), followed by both tones, presented in counterbalanced order (each 250 ms on, 400 ms off), a recall cue consisting of either a "1" or "2" presented at fixation (500 ms), a 10.8 s recall phase (6 TRs, see below), a probe grating (300 ms, 20% contrast), and an ITI of 8.7-12.3 s (Fig. 1C) . On each trial, participants performed a twoalternative forced-choice orientation discrimination task and reported via a button press whether the probe grating was rotated clockwise (middle finger of right hand) or counterclockwise (index finger of right hand) relative to the recalled grating (Harrison and Tong, 2009 ). The change in orientation between the recalled grating and the probe gratings on each trial and subsequent orientation discrimination threshold estimates were determined using an adaptive staircase procedure at 75% accuracy (Watson and Pelli, 1983) . The staircase was seeded with an orientation difference of 10°and dynamically adapted based on the participants' accuracy. The maximum orientation difference between the probe and the recalled orientation was set at 20°.
Passive viewing task. Subsequent to the main experimental tasks, participants performed two runs of an unattended gratings task, in which they were required to report whenever a "Z" or "X" appeared within a sequence of centrally presented letters (approximately two letters per second; mean Ϯ SEM performance accuracy, 82.0 Ϯ 4.0%), whereas task-irrelevant gratings around fixation flashed on and off every 250 ms during each 18 s stimulus block (Fig. 1D ). There were 18 stimulus blocks per run. The gratings were identical to those used in the cued recall task but presented at lower contrast (4%).
Visual localizer task. Spatially selective visual regions were identified using a visual localizer task that consisted of blocked presentations of flickering checkerboards (checker size, 0.5°; display rate, 10 Hz; edge, 0.5°l inear contrast ramp) presented in the same location as the gratings in the cued recall task but within a slightly smaller annulus (grating radius, 6.5°). This smaller window was used to minimize selection of retinotopic regions corresponding to the edges of the grating stimuli. The checkerboard stimulus was presented in 10.8 s blocks, interleaved between blocks of fixation (seven blocks of fixation, six blocks of stimulation). Participants were instructed to press a button when the contrast of the fixation bull's eye changed (mean Ϯ SEM performance accuracy, 97.8 Ϯ 1.9%).
Eye tracking. Eye position was successfully monitored in the MRI scanner for all participants using an MR-compatible eye-tracking system (60 Figure 1 . Schematic illustration of session and trial structure. A, Participants completed four experimental tasks in the study. First, they learned tone-grating associations, after which they performed six runs of a cued recall task. Subsequently, participants completed two runs of an RSVP task with unattended gratings and two runs of a visual localizer task. B, Participants learned to associate two tone-grating pairs. During the study task, a tone was presented, after which the associated grating was shown. The grating was presented for 2 s (250 ms on, 250 ms off, with randomized phase). C, During cued recall, a black cue at fixation indicated the start of the trial. Subsequently, two tones were presented briefly, followed by a recall cue (1 or 2, denoting the first or second tone, respectively) that indicated from which tone to recall the associated grating. The presentation of both tones in each trial reduced the difference between the recall trials to a minimum. After a 10.8 s (6 volumes) recall phase, a probe grating (slightly tilted with respect to the recall stimulus) was presented. Participants indicated by button press whether the probe was rotated clockwise or counterclockwise with respect to the recalled stimulus. D, In the passive viewing task, participants performed a letter detection task at fixation, with task-irrelevant gratings presented on the background.
Hz; SMI Systems). Analysis of the data confirmed that participants maintained stable fixation throughout the recording sessions. Mean Ϯ SEM eye position deviated by 0.06 Ϯ 0.02°of visual angle between stimulus blocks, and the stability of the eye position did not differ between the orientation conditions (all p Ͼ 0.5). fMRI acquisition. fMRI data were recorded on a 3 T MR scanner (TIM Trio; Siemens) with a 3D EPI sequence (64 slices; TR, 1.8 s; voxel size, 2 ϫ 2 ϫ 2 mm; TE, 25 ms; flip angle, 15°; field of view, 224 ϫ 224 mm) and a 32-channel head coil. Using the AutoAlign Head software by Siemens, we ensured that the orientation of our field of view was tilted Ϫ25°from the transverse plane for each of our participants, resulting in the same tilt relative to the individual participant's head position. In addition, T1-weighted structural images (MPRAGE; voxel size, 1 ϫ 1 ϫ 1 mm; TR, 2.3 s) and a field map (gradient echo; voxel size, 3.5 ϫ 3.5 ϫ 2 mm; TR, 1.02 s) were acquired.
fMRI data preprocessing. The Automatic Analysis Toolbox (https:// github.com/rhodricusack/automaticanalysis/wiki) was used for fMRI data preprocessing, which uses core functions from SPM8 (http://www. fil.ion.ucl.ac.uk/spm/software/spm8/; RRID:nif-0000-00343) and FreeSurfer (http://surfer.nmr.mgh.harvard.edu/; RRID:nif-0000-00304), combined with custom scripts. Multivariate analyses were performed using functions of the Donders Machine Learning Toolbox (https://github.com/ distrep/DMLT). Functional imaging data were initially motion corrected and coregistered using SPM functions. No spatial or temporal smoothing was performed. A high-pass filter of 128 s was used to remove slow signal drifts. The T1 structural scan was segmented using FreeSurfer functions.
Multivoxel pattern analyses. For the cued recall task, fMRI data samples included averaged activity of individual voxels across time points 5.4 -9 s (i.e., TRs 4 -5) after the recall cue. We selected the start point of this time window to account for the hemodynamic lag of the BOLD response (4 -6 s). We adopted a conservative strategy in selecting the endpoint of the analysis window at 9 s. This procedure prevented the possible inclusion of any BOLD activity associated with the presentation of the test grating at time 10.8 s (which, in principle, could begin to influence fMRI activity partway through the acquisition of TR 6 and beyond). All trials were included in the classification analyses. For classification analysis of individual fMRI time points, no temporal averaging was performed.
For the unattended gratings task, fMRI data samples were created by averaging activity over each 18 s stimulus block, after accounting for a 3 volume (5.4 s) lag in the BOLD response.
All fMRI data were transformed from MRI signal intensity to units of percentage signal change, calculated relative to the average level of activity for each voxel across all samples within a given run. In addition, the data were z-normalized across voxels. All fMRI data samples for a given experiment were labeled according to the corresponding orientation and served as input to the orientation classifier. On average, V1 included 396 Ϯ 33 (mean Ϯ SEM), V2 included 236 Ϯ 23, V3 included 166 Ϯ 19, and V1-V3 included 797 Ϯ 60 voxels.
Linear support vector machine. A linear support vector machine (SVM) classifier was used to obtain a linear discriminant function distinguishing between the two orientations 1 and 2 :
where x j is a vector specifying the BOLD amplitude of all n voxels on block j, x i and w i are the amplitude of voxel i and its weight, respectively, and w 0 is the overall bias. The classifier solved this function so that, for a set of training data, the following relationship was satisfied:
g͑x j ͒ Ͼ 0, when fMRI activity was generated by orientation 1 , and g͑ x j ͒ Յ 0, when fMRI activity was generated by orientation 2 .
Patterns in the test data were assigned to orientation 1 when the decision value g(x j ) was Ͼ0 and to orientation 2 otherwise. The size of the deviation of the decision value from 0 was taken as an index of classification strength. Cross-validation was performed in a leave-one-run-out procedure for all classification analyses. Performance over test iterations was averaged and tested against chance level with paired-sample t tests, with a threshold of p Ͻ 0.05.
Univariate parametric recall analysis. The functional data from the recall runs for each participant were also modeled in a general linear model (GLM). Four task regressors were included: (1) one representing the trial cues; (2) one for the audio cues; (3) one for the recall cue and recall phase; and (4) one representing the probe presentations. These regressors were convolved with a canonical hemodynamic response function (HRF), as well as its temporal and dispersion derivatives (Friston et al., 1998) . Six movement parameters and the time courses from the white matter and lateral ventricles were modeled as nuisance regressors. In addition, the recall phase regressor was parametrically modulated by an additional regressor. This parametric modulator was constructed from the absolute trial-by-trial decision values of the SVM classifier that was trained on the perception task and tested on the cued recall task, because this generalization classifier was least biased by possible attentional effects during recall. The reported parametric effects were thresholded at p Ͻ 0.05, cluster-corrected using threshold-free cluster enhancement (Smith and Nichols, 2009) .
Regions of interest. Freesurfer was used to delineate the visual areas using standard retinotopic mapping procedures (Sereno et al., 1995; DeYoe et al., 1996; Engel et al., 1997; Wandell et al., 2007) . Retinotopy data were obtained during scan sessions on a separate day. These visual regions of interest (ROIs) were defined on the reconstructed cortical surface for V1 and extrastriate areas V2 and V3, separately for each hemisphere (Sereno et al., 1995; Engel et al., 1997) . Within each retinotopic ROI, we identified the stimulus-responsive voxels according to their response to the checkerboard stimulus in the independent functional localizer task. Voxels in the foveal confluences were not selected. For the V1-V3 ROI, we combined the stimulus-responsive voxels from the separate visual ROIs.
The functional data from the localizer runs for each participant were modeled using a block-design approach within a GLM. A regressor representing the visual checkerboard stimulation blocks was created and convolved with the HRF. The same filtering kernel and nuisance regressors were used as described above. The contrast "stimulation" versus "fixation" was thresholded at p Ͻ 0.05 (familywise error corrected).
Results
First, we asked whether we could predict the recalled orientation from voxel patterns in visual cortex during the recall phase. A linear SVM classifier was trained and tested on the neural patterns in early visual regions during recall in a leave-one-run-out cross-validation procedure. The time window, ranging between 5.4 and 9 s (volumes 3-5), of each recall phase was used for classification. The start of this time window was chosen to allow for peak BOLD activity to fully emerge; a conservative endpoint of 9 s was used to exclude any potential activity elicited by the probe grating (at 10.8 s or 6 volumes after the recall cue). As illustrated in Figure 2A (purple bars), we could reliably decode the recalled orientation from activity patterns in retinotopically defined early visual areas V1-V3 (decoding accuracy, 67%; chance-level accuracy, 50%; t (11) ϭ 4.29; p Ͻ 10e-3). Note that these patterns in visual cortex could not have been instated by the auditory cues. No visual stimulus was presented immediately before and during each of the recall phases; thus, the information about the decoded stimulus is likely attributable to reinstatement based on memory retrieval.
The classification of the different recalled orientations revealed that the patterns could be distinguished in early visual cortex. However, this does not necessarily mean that these patterns are similar to those during encoding or perception: reinstatement and perception could be differently represented in early sensory cortex (Nyberg et al., 2000; Wheeler et al., 2000) . Cortical reinstatement suggests similarity between activity patterns during encoding and retrieval. However, already during encoding the memory might be represented in an abstracted format and guided by attentional processes, making it difficult to dissociate memory and attention (Vicente-Grabovetsky et al., 2014) . Our approach allowed us to test the hypothesis that topdown retrieval-related patterns in early visual cortex resembled bottom-up, passive viewing-related patterns.
To probe these bottom-up activity patterns, our participants performed a letter-detection task at fixation, while task-irrelevant low-contrast gratings were presented around the fixation bull's eye. The same grating orientations were used as in the recall task. To test classification on this passive viewing task, a classifier was trained and tested on the neural patterns for the orientations during the passive viewing experiment in a leave-one-run-out procedure. This classifier performed well in regions V1-V3 (t (11) ϭ 9.87; p ϭ 8.4 ϫ 10e-7; Fig. 2A , yellow bars), consistent with previous work (Kamitani and Tong, 2005; Jehee et al., 2011 Jehee et al., , 2012 . To investigate whether the orientation-selective responses for recalled gratings were similar to stimulus-driven activity, a third classifier was trained on activity patterns generated by passive viewing (P) and tested on the recalled orientation from neural patterns during cued recall (R). Performance for this generalization PR classifier was significantly above chance in regions V1-V3 (t (11) ϭ 5.01; p ϭ 4.0 ϫ 10e-4; Fig. 2A, red bars) . The fact that classification performance generalizes across these two tasks suggests that there are shared neural representations in early visual cortex for stimulus-driven activity and cued recall. Finally, a classifier trained on data from the cued recall task and tested on passive viewing data (generalization RP; Fig. 2A , brown bars) also performed significantly above chance (t (11) ϭ 4.57; p ϭ 8.1 ϫ 10e-4). Note that this generalization of classification performance across tasks also suggests that our above-chance classification is not attributable to a verbally mediated encoding/ retrieval strategy, because the generalization PR classifier was trained on unattended gratings. A repeated-measures analysis across visual areas and the abovementioned classifiers (PP, RR, PR, and RP) yielded a main effect of classifier (F (3) ϭ 61.73; p ϭ 2.6 ϫ 10e-27) but not of visual areas (F (3) ϭ 2.45; p ϭ 0.07) or their interaction term (F (3) ϭ 0.5; p ϭ 0.87).
Importantly, the number of visual cortical voxels used for classification did not influence classifier performance, indicating that the performance effects were robust and stable (Fig. 3A) . To investigate whether global differences in response amplitudes elicited by the two orientations could account for the abovechance classification observed in early visual cortex, we trained and tested four classifiers (perception, cued recall, and generalization) on the average response amplitude of the originally selected voxels. None of the three classifiers achieved above-chance performance (t Ͻ 2; p Ͼ 0.05) on the averaged response (Fig. 3B) , indicating that global BOLD differences cannot account for the observed classification performance in our analyses.
We subsequently looked at individual volumes during the recall phase to assess how classification performance unfolds throughout each trial (Fig. 2B , red line and left axis). Classification started at chance level during presentation of the audio cues and the recall cue. From approximately 2 to 3 volumes (3.6 -5.4 s) after the recall cue, the classifier selected the recalled grating with above-chance level accuracy. Classifier performance continued to increase after the presentation of the probe grating. This is attributable to the fact that, for every trial, the orientation of the probe grating only slightly deviated from the recalled orientation: in other words, the probe grating, albeit having a slightly different orientation, adds information to the activity pattern that is used for classification. After participants finished the orientation discrimination judgment, classification accuracy dropped back to chance level. The overall BOLD amplitude in early visual cortex followed a similar pattern throughout the trial as the classification performance (Fig. 2B , black line and right axis). However, note that there was no overall BOLD difference between the two classes of recalled orientations during the phase between recall cue and probe grating.
The cortical reinstatement hypothesis predicts that the hippocampus mediates reinstatement in neocortex (Marr, 1971; Tulving and Thomson, 1973) . Therefore, we repeated the above classification analyses for a hippocampal mask. None of the clas- Performance of the four classifiers was significantly above chance level (50%, gray dotted line; *p Ͻ 0.05; **p Ͻ 0.01; ***p Ͻ 0.001). The passive viewing classifier was trained and tested on data from the passive viewing task, the cued recall classifier was trained and tested on data from the cued recall task, the generalization PR classifier was trained on passive viewing (P) data and tested on recall (R) data, and the generalization RP classifier was trained on cued recall and tested on passive viewing data. Error bars indicate Ϯ1 SEM. B, In red (left axis), performance of the generalization PR classifier is depicted for individual fMRI time points. Data for the combined visual ROI (V1-V3) is shown. The pink bar denotes significant decoding performance at p Ͻ 0.001. In black (right axis), the percentage signal change across voxels from V1-V3 during the trial is shown. Chance level was 50% (horizontal gray dotted line). The vertical gray dotted lines indicate trial events. Error bars indicate Ϯ1 SEM. sifiers reached above-chance level performance. This is not surprising, because the hippocampus is unlikely to represent the associated orientation itself but rather an index of the mnemonic association in cortex (Marr, 1971) . Therefore, we asked whether hippocampal activation was related to the reinstatement we observed in visual cortex. To investigate these putative hippocampal-cortical interactions, we obtained the decision value of the generalization classifier for each recall trial. The decision value for a given trial can be taken as an indication of how similar the neural patterns of passive viewing and cued recall were in visual cortex for each recall trial; in other words, it reflects the strength of reinstatement. We performed a GLM analysis on the cued recall data, with this absolute trial-by-trial decision value of the visual cortex SVM classifier as a parametric modulator of the recall-related regressor. We found that BOLD fluctuations in left hippocampus, extending into left entorhinal cortex, covaried with cortical reinstatement accuracy in early visual cortex. This finding supports the view that hippocampal activity signals, on a trial-by-trial level, stimulus-specific cortical reinstatement accuracy (as indexed by classifier decision estimate) in early visual cortex ( Fig. 4A ; for the full list of regions that showed effects for this parametric modulation, see Table 1 ). To illustrate this effect, the bars in Figure 4B show that, for the trials with the highest absolute classifier decision estimates in V1-V3, hippocampal activity is higher compared with activity in the trials with lower V1-V3 classifier decision estimates (trials divided in half based on their decision estimate). The observed effects were corrected for multiple comparisons ( p Ͻ 0.05, using threshold-free cluster enhancement). The observed covariation of hippocampal activity with classifier decision estimates suggests crosstalk between hippocampus and visual cortex during cued memory recall.
Discussion
In this study, we investigated cortical reinstatement in early visual cortex. We used a multivariate analysis approach to assess whether encoded stimulus-specific patterns are reinstated during cued recall, compared the cortical patterns during stimulus reinstatement with those during passive viewing of the stimuli, and related strength of reinstatement to hippocampal activity. We observed cortical reinstatement of the mnemonic representation . Effect of voxel number on classifier performance. A, To investigate the stability of classifier performance, the classifiers (passive viewing, cued recall, and generalization) were applied on different numbers of voxels. The voxels were sorted according to their response to the localizer stimulus. All four classifiers were trained and tested in a leave-one-run-out crossvalidation procedure. Classifier performance gradually improved as a function of voxel number for each classifier, reaching near-asymptotic performance at ϳ200 -250 voxels. Error bars indicate Ϯ1 SEM. B, The responses of all originally selected voxels, for different numbers of voxels (sorted according to their response to the localizer stimulus), were averaged to obtain the mean response amplitude of V1-V3. This average response was used as input for the classifiers. All four classifiers were trained and tested in a leave-one-run-out cross-validation procedure. The absence of above-chance classifier performance indicates that global BOLD differences could not account for the classifier performance obtained in V1-V3 (see Fig. 2 ). of tone-grating associations in early visual cortex. This reinstatement was association and feature specific: the orientation of the recalled grating could reliably be predicted from the neural pattern across voxels in visual cortex. In addition, the neural activity patterns during stimulus recall resembled those elicited by physically presented stimuli, indicating shared representations between cued recall and perception. Furthermore, we found that hippocampal activity covaries with the strength of reactivation, consistent with the hypothesis that the hippocampus mediates cortical reinstatement (Marr, 1971; Tulving and Thomson, 1973) . Early neuroimaging work on cortical reinstatement (Nyberg et al., 2000; Wheeler et al., 2000) showed that, during cue word presentation, retrieval of associated pictures and sounds elicited activity in higher-order visual and auditory regions and not in primary sensory cortex. The authors interpreted this as evidence for the dissimilarity of encoding and retrieval mechanisms (Nyberg et al., 2000; Wheeler et al., 2000) . We argue that, depending on the nature of the task, reinstatement involves different sensory regions: if the task requires participants to recall a higher-order sensory representation (like in the previous work: pictures and words), those areas reinstate the representation during recall. However, when the participants have to recall more detailed representations (like in our paradigm, an orientation), early sensory cortex supports the reinstatement. Our results suggest that reinstatement generalizes across the entire breadth of the sensory hierarchy and indicate that retrieval can entail detailed sensory aspects of the memory representation.
We predicted that the reinstated representations are association and stimulus specific: the representation should specifically reflect the recalled stimulus instead of the stimulus category, for instance. Most studies on cortical reinstatement pooled recall stimuli of one category (e.g., faces or objects) to assess categoryspecific reinstatement (Polyn et al., 2005; Lewis-Peacock and Postle, 2008; Gordon et al., 2013; Liang et al., 2013) . Some studies show evidence for memory-specific episodic reinstatement of different videos/pictures in the medial temporal lobe, specifically the hippocampus (Chadwick et al., 2010) and parahippocampal cortex (Staresina et al., 2012) . Here, we extend these findings by showing that early visual cortex can also support stimulus-specific reinstatement, providing evidence for the predicted specificity of reinstatement even at the lowest levels of the sensory hierarchy.
The core prediction of the cortical reinstatement hypothesis is that the reinstated representation during recall resembles the representation during encoding. However, similarity between encoding and recall does not necessarily indicate that mnemonic representations built during encoding are reinstated at retrieval: indeed, factors such as attention or executive strategy could interact with memory at encoding (Chun and Turk-Browne, 2007), retrieval (Vicente-Grabovetsky et al., 2014 ), or both (Summerfield et al., 2006 . With our well controlled design, we could rigorously test a stringent reinstatement hypothesis, namely whether stimulus recall resembles passive and unattended perception of the stimulus. We show that the reinstated patterns in early visual cortex are indeed similar to patterns driven by unattended stimuli. This indicates a common representation of bottom-up and top-down signals in these cortical areas. Note that this generalization can rule out certain confounds that might cause the above-chance classification performance, such as attention: because the classifier was trained on a task in which participants were not actively attending the oriented gratings, it is not sensitive to such biases in the cued recall data.
Our findings dovetail with previous neuroimaging work that showed that voxel patterns in visual cortex are not only predictive of bottom-up visual processes, such as specific visual stimulus properties (Kamitani and Tong, 2005) and unconscious perception of a stimulus (Haynes and Rees, 2005) , but that visual cortex is also involved in complex, top-down visual computations (Mumford, 1991; Lamme and Roelfsema, 2000) : several fMRI studies showed that the participants' attentional state (Kamitani and Tong, 2005; Liu et al., 2007; Serences and Boynton, 2007; Jehee et al., 2011) and stimulus expectation can be predicted from activity patterns in early visual cortex.
Recently, it was shown that activity patterns in early visual cortex during working memory contain stimulus-specific information about the maintained stimulus. The neural representations of this top-down working memory process were shown to be similar to those during bottom-up, passive viewing of the stimuli (Harrison and Tong, 2009; Serences et al., 2009; Xing et al., 2013) . Shared neural representations were also found for perception and imagery, throughout the higher visual hierarchy (Kosslyn et al., 1995; Stokes et al., 2009; Reddy et al., 2010; Cichy et al., 2012; Lee et al., 2012) , and recently in early visual cortex (Albers et al., 2013) . The converging evidence of shared neural representations between perception and working memory (Harrison and Tong, 2009; Xing et al., 2013) , imagery (Reddy et al., 2010; Cichy et al., 2012; Albers et al., 2013) , and memory reinstatement suggest that these processes might be implemented in early visual cortex in a very similar manner (Tong, 2013) and may support conscious retrieval of memories (Slotnick and Schacter, 2006; Thakral et al., 2013) .
Although working memory and memory retrieval mechanisms might converge in early sensory cortex, differences between the two processes are expected in the medial temporal lobe: reinstatement is more dependent on hippocampus than working memory maintenance (Ranganath et al., 2004) . There is little debate that successful memory reinstatement is mediated by the hippocampus (Marr, 1971; Eichenbaum et al., 1992; Eldridge et al., 2000; Squire et al., 2004) . Indeed, stronger hippocampal activity was observed for correct, rather than incorrect, memory reinstatement trials in several previous studies (Davachi et al., 2003; Düzel et al., 2003; Kuhl et al., 2011; Gordon et al., 2013; Liang et al., 2013; Staresina et al., 2013) . A recent study found correlations between hippocampal activity and encodingretrieval pattern similarity in parahippocampal cortex (Staresina et al., 2012 ). In the current study, we show that there are finegrained, trial-by-trial interactions between the hippocampus, in conjunction with entorhinal cortex (the hippocampal-cortical interface; van Strien et al., 2009; Doeller et al., 2010) , and early visual cortex: hippocampal activity was stronger for recall trials with higher reinstatement strength, i.e., in trials in which the early visual neural patterns during cued recall resembled those during passive perception most.
Our findings fit well with human and animal studies that observed crosstalk between the hippocampus and sensory cortex during post-encoding "offline" replay (Ji and Wilson, 2007; van Dongen et al., 2012; Deuker et al., 2013; Tambini and Davachi, 2013) . Although we cannot infer the directionality of this hippocampo-cortical crosstalk, our results are consistent with two recent studies suggesting that hippocampus might drive reinstatement in higher-order regions (Gordon et al., 2013; Staresina et al., 2013) .
In conclusion, we observed stimulus-specific reinstatement of neural activity patterns in early visual cortex that resembled stimulus-driven neural activity patterns. These findings provide
